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Abstract 
Despite the potential of Predictive Learning Analytics (PLAs) to identify students at risk of failing their studies, 
research demonstrating effective application of PLAs to higher education is relatively limited. The aims of this study 
are 1) to identify whether and how PLAs can inform the design of motivational interventions and 2) to capture the 
impact of those interventions on student retention at the Open University UK. A predictive model — the Student 
Probabilities Model (SPM) — was used to predict the likelihood of a student remaining in a course at the next 
milestone and eventually completing it. Undergraduate students (N=630) with a low probability of completing their 
studies were randomly allocated into the control (n=312) and intervention groups (n=318), and contacted by the 
university Student Support Teams (SSTs) using a set of motivational interventions such as text, phone, and email. 
The results of the randomized control trial showed statistically significant better student retention outcomes for the 
intervention group, with the proposed intervention deemed effective in facilitating course completion. The 
intervention also improved the administration of student support at scale and low cost. 
 
Notes for Research 
• This paper explains how predictive learning analytics can help with the selection of students who 
need support. 
• A motivational intervention delivered via text, phone, and email was tested. 
• Students receiving the intervention had statistically significant better retention outcomes compared to 
the control group. 
• Student Support Teams could use predictive learning analytics to target specific students and better 
support them. 
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1. Introduction 
Predictive Learning Analytics (PLAs) have the potential to help institutions identify which groups and individual students, 
often described as “at risk,” might need extra support to reach desired learning outcomes (Conijn, Snijders, Kleingeld, & 
Matzat, 2017; Kovanović et al., 2015; Scheffel et al., 2017; Tempelaar, Rienties, Mittelmeier, & Nguyen, 2018). Yet, outcomes 
around their effectiveness remain blurred. For example, Scheffel et al. (2017) found that visualizing the relative performance 
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a group — supported learning processes over time, whereas presence (number of page views) was found to be negatively 
related to student performance. Although institutions are interested in learning analytics, their actual uptake and integration in 
most institutions around the world is rather limited (Ferguson et al., 2016; Sclater, Peasgood, & Mullan, 2016; West, Luzeckyj, 
Searle, Toohey, & Price, 2018). Available evidence draws from relatively small case studies of PLAs usage with teachers (van 
Leeuwen, Janssen, Erkens, & Brekelmans, 2015), experimental lab studies (Harley et al., 2016; Worsley & Blikstein, 2015), 
and MOOC contexts (Kizilcec, Pérez-Sanagustín, & Maldonado, 2017) and shows that PLAs can have a positive effect on 
learners and learning outcomes. The few large-scale studies available also point to positive outcomes when teachers engage 
systematically with PLAs (Herodotou et al., 2020; 2019a; 2019b). 
Although there is promising initial support of PLAs to support learning, there is limited application and evaluation of them 
to the design of motivational interventions and consideration of what this means in terms of institutional approaches to 
supporting retention. An example study is a retention campaign program designed to advise students at risk about available 
support options, with the intentions of enhancing student resilience and increasing student success and retention. The program 
evaluation showed no effects on retention outcomes; yet individual differences were more likely to explain retention patterns 
(Dawson, Jovanovic, Gašević, & Pardo, 2017; Ferguson & Clow, 2017; Sclater, 2017; Seidel & Kutieleh, 2017). 
In this study, we designed, delivered, and evaluated a relatively large motivational intervention with 630 students identified 
through PLAs as being at risk of not completing their studies. Student Support Teams (SSTs) at the Open University UK 
delivered the proposed intervention and a randomized control trial (RCT) was used to test its effectiveness. The aim of the 
study was to showcase how PLAs can inform the practice of SSTs in identifying which motivational intervention can 
effectively reinforce student engagement and course completion. 
1.1. Predictive Learning Analytics and Motivational Interventions 
PLAs are defined as analytics “forecasting future outcomes and behaviours […] the forecasts are achieved by extracting and 
processing information from data routinely collected during a business process” (Calvert, 2014, p. 161). A number of PLAs 
used in conjunction with early alert systems have been developed over the years aiming at the early identification of students 
at risk and the provision of timely interventions, such as Course Signals (Arnold & Pistilli, 2012), E2 Coach (Wright, McKay, 
Hershock, Miller, & Tritz, 2014), and OU Analyse (Hlosta, Zdrahal, & Zendulka, 2017). PLAs have allowed higher education 
institutions to reconsider the potential of data on a different scale than previously, through utilizing and acting upon data 
currently captured within university systems. Arnold and Pistilli (2012) argued that an essential element of effective retention 
policies is to support the “academic integration” of students; the use of learning analytics incorporating both demographic and 
behavioural data can support student persistence. The application of learning analytics data produces “actionable intelligence,” 
whereby identifying students most at risk of not continuing their studies should allow for early intervention by the institution 
(p. 267). PLAs have to be accompanied by effective motivational interventions if they are to influence student outcomes 
(Jayaprakash, Moody, Lauría, Regan, & Baron, 2014). 
Within distance learning in particular, the challenge of identifying students experiencing difficulty and offering support is 
perhaps even more prominent than at campus-based universities, where issues may manifest more evidently in participation in 
classroom activities, potentially leading to earlier detection. Simpson (2013) proposed the “distance education deficit” (p. 105) 
to highlight the challenges faced in distance education in terms of course retention and qualification achievement. Key to this 
work was the exploration of factors impacting retention, including the identification of learner motivation as a significant 
determining factor. Moore’s (1997) notion of “transactional distance” is of relevance here; it signposts the significance of both 
the physical and psychological space between students and their teachers, and of communication as one element influencing 
transactional distance in distance education. In the context of retention, narrowing the gap or transactional distance between 
student and institution, potentially through communication, and minimizing the opportunities for students to exit prematurely 
from their studies, are both areas of focus within this retention study. 
Different interventions can take place and influence student outcomes. Motivational interventions (e.g., Wentzel & 
Wigfield, 2007) aim to increase student engagement and retention using various mediums, from direct phone calls to emails 
and text messages. On the other hand, pedagogical interventions (e.g., Wise, 2014) aim to enhance student learning using 
methods such as adaptive learning platforms, online tutoring, the provision of additional, tailored study resources, and problem 
solving exercises via the motivational mediums described above. In this study, we address the first type of intervention — 
motivational — with the aim of reinforcing student participation and increasing retention. The university under study has an 
“open entry policy,” meaning that students can register without requiring such prerequisites as a high school certificate. As 
opposed to filtered entry, open entry has much higher student withdrawal rates (van Ameijde, Weller, & Cross, 2018), hence 
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Various motivational interventions have been tested over the years at the university under study. For example, the use of 
texts as a means of administrative communication with students about such things as room changes and assignment submission 
procedures was positively endorsed by students (Naismith, 2007). Other studies examined the composition of emails and how 
they can be a motivator for effective, efficient, engaging learning (Kim, 2008); mobile learning (Fozdar & Kumar, 2007); 
interactive online tools that enable students to access “the right information, at the right time, in the right place” (Ryan & 
Davies, 2016); and robot teaching assistants for improving performance and intention to continue studying (Hung, Chao, Lee, 
& Chen, 2013). At distance learning institutions, what is often tested are approaches delivered by SSTs — teams actively 
supporting and monitoring student engagement and progress over time (Ryan & Davies, 2016; Simpson, 2013). While 
proactive support by SSTs can be valuable in reaching students who face difficulties, this approach is rather resource intensive 
for an institution, possibly resulting in selecting only a narrow group of students at risk. In this respect, PLAs could be a useful 
tool for targeting motivational interventions towards students in most need of support, or focusing on students for whom the 
intervention could have the largest impact. Research shows that elements of PLAs are gradually added as amendments or 
“layering” to existing SST approaches (Dolata, 2013), and as a means to overcome the lack of financial and human resources. 
Few studies presenting mixed findings have examined the impact of motivational interventions on student retention. For 
example, using a predictive model, Dawson et al. (2017) identified first-year university students at risk of academic success 
and retention and piloted a retention program consisting of calling students and providing advice and support. While both Chi-
square and logistic regression analyses revealed a significant association between the intervention and better retention 
outcomes, a follow-up logistic mixed-effects analysis showed that improvements in retention were explained by student 
characteristics, not by the intervention itself. In contrast, Castleman and Page (2015) tested the impact of a series of low-cost 
nudges and motivational interventions on college enrollment following graduation. These interventions consisted of automated 
text messages of tasks to complete the form for entering college and requesting help when needed, as well as peer mentors 
proactively reaching out students and offering college transition support. After allocating students into control and intervention 
groups, a significant increase in the number of student enrollments were observed, especially within populations often 
underrepresented in Higher Education. Through an RCT, Inkelaar and Simpson (2015) tested the retention impact of sending 
motivational emails to students every two weeks and identified a significant increase of 2.3% in retention (p<.10) in the 
intervention group. Despite the low increase, the authors indicated that the costs of the intervention (i.e., £1,000 for using a 
system of motivational emails) is substantially lower than the increased revenue from 2% more final exam registrations (i.e., 
£7,500). They also noted the importance of proactive motivational support and the composition of emails that promote 
interactivity, nudging, and priming. 
In other words, while there is some small-scale evidence that intervention using PLAs in combination with support actions 
(e.g., emails, text messages) can have a small, positive effect, there is a paucity of research at the very early stages of enrollment 
at universities. As highlighted by Castleman and Page (2015) and Shea and Bidjerano (2014), the early stages of enrollment 
and study can be particularly stressful for some groups of students, but at the same time essential for gaining an early advance 
to a successful start. Therefore, in this study we explored whether, six weeks before the start of a course, an introductory text 
message and a follow-up phone call or email with students potentially at risk (as identified by PLAs) could have an immediate, 
longer-term impact on student retention. 
2. Methods 
At the distance university under study, student support is organized within a curriculum-aligned SST model. SSTs utilize a 
framework for proactive student support known as Model of Integrated Learning and Learner Support (MILLS; Beard, Stevens, 
& Welch, 2017). This framework defines how the principles and practices within each SST should function in order to support 
students effectively. Within MILLS, the suggested interventions are a form of proactive student support and can take different 
forms. Contact can be via automated emails, direct emails, or phone calls from either the student’s tutor or the SSTs at 
designated points within the MILLS framework. One example is a follow-up on the non-submission of an assignment, or an 
email sent to students about getting ready for the final exam. Interventions are applied when students enroll in their first course 
and during the course implementation. SSTs contact students outside normal office hours (given that most students are part-
time and committed to other activities during the day). A 7% increase in student retention since proactive student support was 
introduced was recorded, as well as a 3% improvement in course completion when students were contacted by email. Proactive 
phone calls were also found to motivate students and boost their confidence (Wilcock, 2011). 
In this study, the MILLS intervention under examination, coded as M2 (“Study preparation”), aimed to ensure that at-risk 
students were actively contacted and were on the right track with their study plans. Contact took place before the start of the 
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students and covered the following areas: introducing the SSTs, exploring issues of motivation, interest, and employability, 
and preparing to study. Contact was also used to discuss workload, study intensity, and module choice, encouraging students 
to contact their teachers and/or SSTs if they faced any study issues that could not be resolved by online resources and 
information. The M2 intervention acted to reduce the “transactional distance” between the institution and the student, and was 
clearly informed by Simpson’s (2013) work stressing the importance of learner motivation in retention. To identify the cohort 
of students receiving the M2 intervention, the following indicators, or a selection of them, were used by the SST under study: 
no formal qualifications, insufficient academic progress (IAP) alert or restricted,1 registered with more than 120 credit courses, 
and low Index of Multiple Deprivation (IMD) (bottom quintile). Each faculty advised SSTs as to which indicators should be 
used for selecting students based on, for example, awareness of the level of difficulty of certain courses and their potential 
impact on student workload and completion. This approach was more likely to have had an impact on the outcomes of the M2 
intervention in terms of correctly selecting the students in most need of support. 
To overcome possible bias in student selection, in this study, SSTs identified students at risk of early exit from their studies 
(hereafter referred to as “at risk”) using PLAs, in particular a statistical model that identified students at risk based on data 
related to continuous and final assessment, study events, student profile, study progression, virtual learning environment (VLE) 
engagement and other factors. Those students received a set intervention comprised of an initial text informing them that they 
would be contacted shortly by phone, followed by a phone call. Students who could not be reached by phone received an email.  
2.1. Student Probabilities Model (SPM) 
Table 1. SPM Variables Predicting Success and Retention (adapted from Calvert, 2014) 
Student Student: Previous studies/reasons for study 
1. Price area: Student loan situation varies by country 
2. Segment: Several sociodemographic factors 
3. Index of multiple deprivation 
4. Occupational status 
5. Disability flag 
6. Previous studies/reasons for study 
7. Credit transfer 
8. Highest qualification code on entry 
9. Study motivation code 
10. Study goal code 
11. Highest award intention 
12. Sponsored 
Student progress in previous studies at the same 
university 
13. OU credits already achieved 
14. Still needed to total 360 credits 
Student: Module 
19. Total number modules registered 
15. Number of “false starts” 
16. Student’s total number of previous fails 
17. Student’s total number of previous withdrawals 
18. Student’s total number of previous passes 
20. Total number of credits studying in year 
21. Flag for over 120 credits at registration 
22. Proportion of days through module 
23. Proportion of assignments completed at milestone dates 
Qualification/module of study 24. Latest assignment score on module  
26. Module 
27. Length of presentation of module 
28. Number of course assignments at end/milestone 
29. Intensity: Number of course assignments per day of 
module 
30. Qualification code 
25. Earliest assignment score on module 
 
 
The Student Probabilities Model (SPM) produced predictions of whether an individual student would reach specific 
milestones (different points in a course presentation or between courses), such as completing and passing a course, or returning 
in the next academic year. The SPM was initially developed by Calvert (2014), and further fine-tuned over time through a 
number of studies in which the probabilities were used under experimental conditions. SPM predictions or probabilities were 
based on models generated through logistic regression of a set of 30 explanatory variables (see Table 1).2 These variables were 
grouped in student factors (IMD area, price area, disability, etc.), students’ previous study (highest qualification on entry, etc.), 
 
1 IAP is a regulation of students who fail to make academic progress on modules at undergraduate level; if in three eligible presentations of 
study, a student does not complete at least one course successfully, they will not be allowed to register for another module unless they meet 
the conditions specified by the Senate. 
2 SPM has been recently redesigned considering for additional predictive factors such as previous higher education experience and VLE 
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students on a course (total credits studying in a year, late registration, etc.), students’ previous progress at the university (best 
previous score, number of fails, etc.), and course and qualification variables. These variables were chosen based on the 
availability of data in existing datasets and due to their relationship to success in a given course presentation and/or students 
returning to their studies the next academic year. A different set of factors will predict each course milestone. In this study, 
SPM was used by SSTs to identify students at a low probability of completing their studies so that they could target available 
resources towards that group of students. Ours is the first large-scale study using a comparative experimental methodology 
(RCT). 
2.2. Study Design 
We first compared the existing SST method of selecting students at risk of not completing their studies to using the SPM as 
an alternative method of selection. The following indicators were used by the SST: no formal qualifications, insufficient 
academic progress (IAP) alert or restricted, registered with more than 120 credit courses, and low IMD (bottom quintile). 
Several students were identified per indicator as potentially not completing their studies. This number was then compared to 
the actual number of students completing their courses. Table 2 compares the number of students selected per indicator to the 
students selected through the SPM as well as the percentage of students correctly identified as at risk, as measured by the 
actual number of students completing their courses. Overall, SPM was shown to correctly identify a greater percentage of 
students at risk of not completing their studies (55%) compared to such indicators as qualifications, credits, and IMD. A follow-
up analysis with a different cohort, using the revised version of SPM showed even stronger outcomes; 73% of STEM students 
were correctly identified as at risk by SPM compared to 49–57% using other indicators. Student probabilities enabled the 
successful identification of a higher number of potential non-completers than the use of a single indicator. The SPM is a more 
reliable method of identifying at-risk students, early in the lifecycle of a course or before the course presentation starts, than 
existing single indicators. 
Table 2. Comparing Different Methods of SST Selection of Students At Risk 
Selection method 
Number of students 
selected as at risk 
(predicted) 
Number of students 
not completing their 
courses (actual) 
% of selection 
that did not 
complete (actual) 
Student Probabilities 1,968 1,088 55% 
Indicator 1: No formal qualifications 295 124 42% 
Indicator 2: IAP alert or restricted 459 252 55% 
Indicator 3: More than 120 credits 132 45 34% 
Indicator 4: Low IMD (bottom quintile) 1,795 738 41% 
 
Prior to the SPM introduction, the standard SST practice was to get in touch with as many at-risk students as possible based 
on available resources. The choice of students was rather random, based on the order of the list of students at risk, with students 
at the top of the list more likely to be contacted by SSTs. To address the challenge of limited resources, we used SPM data to 
narrow the selection range, refining students in probability bands (see Table 3) and identifying a band that suited the capacity 
and resources available (i.e., how many students could be contacted by SSTs at the given point of time). In this study, the 
selected probability band was 31–40%. 
Table 3. Using SPM to Split Students At Risk into Probability Bands 
Probability 
band 
Number of potential students 
at risk of not completing 
% of students not 
completing their studies 
0–10% 44 87% 
11–20% 184 68% 
21–30% 305 66% 
31–40%* 513 54% 
41–50% 922 48% 
* Students who took part in this study. 
 
SPM data were generated when students from a mixture of undergraduate courses and levels across the university reached 
registered status. Participating students came from a university in Scotland, hence the reference to the “Scottish cohort” in 
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choice based on the availability of staff to implement the intervention. Furthermore, given the relatively small intervention 
treatment, the impact on students below 30% probability was not expected to be sufficient to help them, while students above 
40% probability might have sufficient resilience to continue. To design the study (see Figure 1), we first used the SPM to 
identify those students with a 31–40% probability of completing their course for inclusion in the study (N=410). The second 
step was to randomize the students into two groups, 200 in the control group and 210 in the intervention group (see HC: Head 
Count). Note that some students were registered in more than one course, including courses where their probability of 
completion was other than 31–40%. The Student Module Count (SMC) indicates the number of students registered in more 
than one course. The analysis in Figure 1 took into account the SMC. All participating students (control and intervention) 
received the M2 intervention. The intervention group received an additional text from SSTs followed by a phone call or email 
(for those who did not answer the phone). 
 
 
Figure 1. Intervention design to support students with 31–40% probability of course completion. 
 
Both the control and intervention groups had similar chances of receiving the M2 intervention by SSTs. After inspecting 
the randomized data, only three students in the control group and seven in the intervention group had actually received the M2 
intervention, indicating that the standard approach of selecting students for the M2 intervention was rather different to the 
SPM. In addition to M2, the intervention group received an initial text saying they would be contacted shortly by phone 
(n=210), followed by the phone call (n=207, of which n=91 calls reached the students). Students who could not be reached by 
phone received an email (n=119) (see Table 4). Proactive calls and emails were utilized because evidence pointed to their 
effectiveness in improving retention in distance education (e.g., Wilcock, 2011). A text was deemed appropriate to prevent a 
“sudden call” from an unknown number.  
Table 4. Motivational Intervention Design 
Contact activity N= % 
Text sent 210 100% 
Call attempted  207 98.6% 
Call successful  91 43.3% 
Email sent  119 56.7% 
 
Texting had also been used in the past by SSTs as a useful way of reaching students. During the phone call, students were 
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1. How do you feel about starting your studies/next course? 
2. Do you have any questions about getting started? 
3. Do you feel you have the information you need to begin your studies? 
4. Do you have any additional questions? 
5. Has this call been helpful to you today? 
Specific notes were provided on a spreadsheet to assist SSTs with the discussion. 
Drawing from previous experience, SSTs advocated that contact with students should take place as early as possible for 
greater impact. Therefore, the intervention took place after registration and six weeks before the start of the courses. The 
control and intervention groups were compared at different course milestones structured around the university’s fee liability 
points (FLPs; i.e., dates when students who wish to discontinue their studies can claim fee credits or a refund): 1) percentage 
of student registrations at the start of a course (see Start, Figure 1); 2) registrations at the 25% mark (25% FLP; 14 days after 
the course start); 3) 50% (50% FLP; 3 months after course start); 4) 100% (100% FLP; 6 months after course start); and 5) 
course completion (end of the course). In terms of potential sampling bias, using independent t-tests, we checked for any 
differences in the control and intervention groups in terms of gender, age, prior educational qualifications, and socioeconomic 
background; we found no significant differences. 
3. Results and Discussion 
To address the research question of this study, we initially compared the retention rates at different milestones in the control 
and intervention groups as a whole. We then ran a more fine-grained analysis comparing the two different types of interventions 
(phone call versus email) with the control group, to identify whether one intervention was more effective than the other. Chi-
square analyses were performed to compare the control and intervention groups at the four course milestones where a student 
might exit the course (see Table 5). Given the multiple comparisons, the p-value (.05) was adjusted accordingly (p=.05/5=.01). 
Strong statistically significant differences were observed at all milestones, suggesting that the proposed intervention as a whole 
(texting, phone call, email) was successful, and likely helped students remain engaged and progress through their studies. As 
shown in Figure 2, the proportion of students in the intervention group, compared to the control group, is increasingly larger 
over the lifecycle of participating courses, starting with 7.4% more students at the start of the courses, and reaching 22.2% at 
course completion. This is relatively surprising given that our intervention was primarily targeted well before the start of the 
module, and one might expect that the largest impact would be closest to the initial intervention, in other words, at the start of 
the course. 
Table 5. Chi-square Analysis at Different Course Milestones (Student Module Count) 
     Control group Intervention group p value* 
 N= % N= %  
Registrations at course start 279 87.7 294 94.2 .004* 
Withdrawn before course start 39 12.3 18 5.8  
Total  318 100% 312 100%  
Registered at 25% FLP 276 86.8 293 93.9 .002*  
Withdrawn at 25% FLP 42 13.2 19 6.1  
Total  318 100% 312 100%  
Registered at 50% FLP 234 73.6 275 88.1 .001* 
Withdrawn at 50% FLP 84 26.4 37 11.9  
Total  318 100% 312 100%  
Registered at 100% FLP 209 65.7 242 77.6 .001* 
Withdrawn at 100% FLP 109 34.3 70 22.4  
Total  318 100% 312 100%  
Reached course completion 146 45.9 175 56.1 .010* 
Did not reach course completion 172 54.1 137 43.9  
Total  318 100% 312 100%  
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Figure 2. Student retention rates (number of students present) at each course milestone. 
 
In the second step of the analysis, we compared the retention rates of the two different interventions — phone call versus 
email — to the control group to identify if one of the interventions was more effective. At p<=.01, statistically significant 
differences were identified at specific milestones, that is, registrations at course start (χ2=8.74, df=2, p=.01), at 25% FLP 
(χ2=10.05, df=2, p=.001), at 50% FLP (χ2=20.06, df=2, p=.001), and at 100% FLP (χ2=10.77, df=2, p=.005). No statistically 
significant differences were identified for students reaching course completion (χ2=4.89, df=2, p=.08, NS). Follow-up pairwise 
comparisons in relation to the four significant milestones above and with an adjusted p value (p=.05/12=.004) showed more 
student registrations in the phone group at three points compared to the control group: course start, 25% FLP, and 50% FLP. 
Similarly, the email group performed better compared to the control group at 50% FLP and 100% FLP (see Table 6). Perhaps 
surprising given previous research (Wilcock, 2011), no statistically significant differences were found between the phone and 
email groups across milestones. These findings suggest that phoning or emailing students before the start of a course had a 
similar effect on student retention, yet a single intervention six weeks before the start of the course may not lead to sustained 
long-term improvements in engagement or course completion. Future studies should examine whether an additional 
intervention (e.g., closer to the 100% FLP) could further motivate students to complete their studies. 
In SPM, predictions or probabilities are based on logistic regression analysis of a number of explanatory variables related 
to student factors: previous study, students on a course, students’ previous progress at the university, and course and 
qualification variables. This approach of predicting students at risk of not completing their courses could be easily adopted and 
implemented by other institutions, especially when there are not enough resources to produce more complex statistical models 
that predict student retention. SPM was shown to be effective in terms of helping SSTs select a specific group of students at 
risk, based on their probability of completing their studies, and then proactively provide support. This approach of choosing 
students at risk based on predictive modelling can overcome the potentially limited institutional resource availability, and focus 
SST efforts on specific cohorts. The study proposes an alternative, effective way of choosing and contacting students at risk 
that aligns well with and contributes to the evolution of existing practices used by SSTs to identify students at risk. This study 
suggests that PLA systems such as SPM can be useful tools for different stakeholders, not only teachers (Herodotou et al., 
2019a, 2019b) but, also SSTs in distance education for identifying students in most need of assistance and directing available 
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Table 6. Significant Differences Between the Control, Email, and Phone Call Conditions 
 Control group Email group Phone group p value* 
 N= % N= % N= %  
Registrations at course start 279 87.7 - - 127 96.2  .005* 
Withdrawn before course start 39 12.3 - - 5 3.8  
Total  318 100% - - 132 100%  
Registered at 25% FLP 276 86.8 - - 127 96.3 .003*  
Withdrawn at 25% FLP 42 13.2 - - 5 3.8  
Total  318 100% - - 132 100%  
Registered at 50% FLP 234 73.6 - - 117 88.6 .001* 
Withdrawn at 50% FLP 84 26.4 - - 15 11.4  
Total  318 100% - - 132 100%  
Registered at 50% FLP 234 73.6 149 87.1 - - .001* 
Withdrawn at 50% FLP 84 26.4 22 12.9 - -  
Total  318 100% 171 100% - -  
Registered at 100% FLP 209 65.7 136 79.5 - - .001* 
Withdrawn at 100% FLP 109 34.3 35 20.5 - -  
Total  318 100% 171 100% - -  
* p<=.004 
 
In terms of the effectiveness of motivational intervention, outcomes showed that an initial text to students, informing them 
of an upcoming phone call by SSTs, along with that phone call (or an email for those who can’t be reached by phone) asking 
students about 1) how they feel about starting their course, 2) whether they have any concerns, and 3) whether they know 
where to look for help, were found to support student retention through to course completion. Our findings indicated that this 
proactive SST contact with students had positive effects on retention by motivating course progression. These findings align 
well with existing studies. Early proactive contact via text and phone can reinforce certain positive engagement (Castleman & 
Page, 2015) while email contact can significantly increase retention (Inkelaar & Simpson, 2015). The timing and type of 
motivational interventions studied here were found to be effective in terms of encouraging progress and course completion. 
These findings could be explained by theories of student persistence suggesting that early involvement with the faculty — 
during the first 6–7 weeks of semester — is more likely to determine whether students will persist with the institution and 
succeed in their studies (Milem & Berger, 1997; Lukosius, Pennington, & Olorunniwo, 2013). In this study, the distance 
learning nature of the university makes it impossible for students to engage with university initiatives and familiarize 
themselves with faculty life. Hence, interpersonal contact and communication with support and academic teams is more likely 
to contribute to a sense of belonging and social integration with the university, connecting students with the institution from a 
distance. Also, the proactive communication of SSTs may have motivated students to seek support and declare any problems 
and difficulties they face. As a result, students may have received necessary support early on in their studies and resolved any 
difficulties in a timely manner, without preventing the progress and completion of their studies. Comparing the three conditions 
— phone call, email, and control groups — it was not clear whether a phone call was more effective than an email, as outcomes 
showed phone calls to facilitate progression until the 50% FLP while emails were more effective between the 50% and 100% 
FLPs. This issue requires further examination; in this study only the phone call group communicated with a member of SST 
to discuss their studies. It is not known whether the email group responded or remained passive. 
4. Conclusion 
This study described a randomized control trial (RCT) about how predictive learning analytics (PLAs) could proactively be 
used by university Student Support Teams (SSTs) to identify students at risk and guide targeted motivational interventions. 
Evidence from this paper suggests that the Student Probabilities Model (SPM) could be used alongside existing motivational 
interventions to direct resources to students who require special support, and for whom, as data analysis showed, motivational 
interventions can make a difference in retention. Insights from SPM could inform the teaching strategy in online and distance 
education. They can be applied to the context of course registration, retention, and completion for identifying students at-risk. 
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enrollment. Motivational interventions such as the targeted use of text, email, or phone can improve administrative support at 
scale and at low cost. 
As an alternative way of choosing and supporting students at risk, predictive modelling aligned well with and contributed 
to the evolution of existing SST practises used to identify at-risk students at the institution under study. Sclater (2017) 
highlighted that “Learning analytics requires bringing people with high levels of technical expertise together with others who 
understand pedagogy and educational processes” (p. 16). Within this study, an interdisciplinary team built on previous and 
existing student support strategies, and using PLAs, made decisions about identifying students at risk and targeting resource-
intensive motivational interventions. It is likely that the close similarity between the proposed motivational intervention and 
existing practices of identifying and intervening with students more likely favoured successful adoption and implementation 
by support staff. 
In future, information from PLAs could be used to personalize motivational interventions by, for example, tailoring contact 
depending on a student’s probability band. Thus far, SPM has been used to identify students at risk and adapt the SST 
intervention strategy. Predictive data can also be used to personalize the content of the motivational interventions. For example, 
one of the current SST interventions at the university under study refers to “a follow up for assignment non-submission,” which 
is highly recommended for all non-submitting students without a recorded extension. 
A challenge yet to be addressed is the alignment between contact made by SSTs and interventions made by teachers. A 
system that records actions made by both “actors” to ensure that overlaps are avoided and students receive appropriate support 
is still needed. At the institution under study, teachers have been given access to a predictive dashboard combining data from 
different tools, including SPM, to better support their practice. The likelihood of a student being at risk is expected to inform 
teacher practices, hopefully leading to effective, proactive student support. 
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